This paper provides an assessment on the systematic risk in the equity capital markets of 
Introduction
Modern finance relies heavily on estimates of systematic risk 'beta' as it has a pivotal role in testing assets pricing theory, estimation of cost of capital, testing trading strategies, and conducting event studies.
The Capital Asset Pricing Model (CAPM) assumes that the relevant risk measure in holding a given security is the systematic risk or beta, as all the other risks can be diversified through portfolio diversification. Various studies show that beta varies over time in contrast to the CAPM assumption that beta is time in-variant. For example, Blume (1971) in a pioneering effort finds that portfolio betas tend to regress towards one over time and that his methodology produces superior beta estimates. Vasicek (1973) argues that utilizing the Bayesian Approach can produce better beta estimates. Vasicek and Blume betas have been empirically tested for their ability to predict future period-unadjusted betas (Klemkosky and Martin, 1975; Dimson and Marsh, 1983) . These studies marginally favor Blume's method for its accuracy in determining future ordinary least square (OLS) estimates. It was not until twenty years later that Lally (1998) examines Vasicek and Blume methods for correcting OLS betas and suggests that when the firms are portioned into industries, Vasicek's method could be superior to Blume's method. In addition, Lally (1998) points out that the degree of financial leverage may have significant impact on beta forecasts.
The pursuit for obtaining more accurate beta estimates has continued over years. Some other related issues that have been investigated include the methods of estimation (Chan and Lakonishok, 1992) ; the effect of length of estimation period (Levy, 1971; Baesel, 1974; Altman et al., 1974; Roenfeldt, 1978; Kim, 1993) ; the effect of return interval (Frankfurter et al., 1994, Braislford and Josev, 1997 ) and the effect of outliers (Shalit and Yitzhaki, 2002) . Fabozzi and Francis (1978) find evidence in favor of stochastic properties of beta estimates.
In addition, Sunder (1980) , Lee and Chen (1982) , Ohlson and Rosenberg (1982) , and Bos and Newbold (1984) provide strong evidence that the beta of a security is non-stationary, and can be best described by some form of a stochastic model. The phenomenon of Beta Instability is not limited to any particular market as suggested by various studies on the Australian, Indian, and Singaporean markets. Brooks, Faff, and McKenzie (1998) investigated the beta instability over the period for Australian market and found that 67% of firms have time varying betas. Brooks, Faff, and Arif (1998) also support the incidence of beta instability for the Singapore market. Moonis and Shah (2003) test for time varying betas in the Indian Market and find that the null of beta constancy is rejected for 52% of firms. Much of this discussion supports the time varying beta models as opposed to constant beta models.
Therefore the success of the conditional CAPM is dependent on capturing the dynamics of beta.
This paper investigates the instability of beta in the Karachi Stock Exchange (KSE) using three approaches. The first approach is Constant Correlation-Generalized Autoregressive Conditional Heteroskedasticity (GARCH) or simply put GARCH approach to model the time varying beta using conditional variance information produced to construct a conditional beta series and has been used in various studies for volatility modeling (Bollerslev, 1990 ) and for time varying beta estimation (Brooks, Faff, and McKenzie, 1998) . The second approach is Dynamic Conditional Correlation GARCH (DCC-GARCH) approach. DCC-GARCH models are a new class of models which are easy to estimate and allow the correlation to change over time and were developed in Engle (2002) . The third is Orthogonal GARCH (O-GARCH) approach -a principal component analysis based approach that allows generating large covariance matrices in an efficient manner. This model was first introduced in Alexander and Chibumba (1996) and subsequently developed in Alexander (2001) . The O-GARCH model is an accurate and efficient method for generating large covariance matrices and only requires the estimation of uni-variate GARCH models.
Our study is significantly different from the previous literature that undertook beta instability.
Most of the previous studies except one (Brooks, Faff, and McKenzie, 1998 ) have used one technique and they are constrained by the use of constant correlation. 1 In contrast, our study also employs Conditional Correlation for the first time to account for beta instability. We find evidence in favor of time variant betas of firms listed at the KSE. We also find that constant correlation model perform better than their counterpart conditional correlation models for beta estimation.
The paper is organized as follows. Section 2 outlines the methodology by which conditional and un-conditional betas may be estimated. It also explains the performance evaluation criteria of alternative models. Section 3 details the data to be analyzed and presents selected descriptive statistics. Time varying betas are then generated for the dataset and the relative performance of each model is evaluated. Finally, Section 4 concludes the paper. 1 Brooks, Faff, and McKenzie, 1998 uses (a) a multivariate generalized ARCH approach, (b) a time varying beta market model approach suggested by Schwert and Seguin (1990) , and (c) the Kalman filter technique.
Methodology
The unconditional point estimate of beta for any asset is given by the Constant Market Risk
Where: Rit = the stock returns series Rmt = the index returns series it = the disturbance vector
The CMRM assumes that intercept and slope vectors are constant over time with the latter representing the systematic risk or beta of the firm. The evidence presented in the previous section strongly indicates the instability of the CMRM parameters across various markets.
Therefore we use Time Varying Market Risk Model (TVMRM) to establish beta instability.
The TVMRM utilizes a binary variable that equals to one when the index return was negative (Bear) and zero when index return was positive (Bull), e.g. if the index return between January and March was negative the binary variable assumes value of 1.
Where: Rit = the stock returns series Rmt = the index returns series D1 = a binary variable that equals one when index return was negative it = the disturbance vector Which is equivalent to
GARCH
This technique involves the use of multivariate GARCH model introduced by Bollerslev (1990) . A bi-variate specification of the model is used in this study and the general specification of model is subsequently presented. We begin by specifying the conditional mean:
Where
This may be described as
  is conditioned by the complete information set 1 t   and is normally distributed with zero mean and a conditional covariance matrix of the form:
A functional form must be specified for this conditional variance matrix Ht. The conditional variance in the univariate form may be represented as: Bollerslev (1990) proposed to set the off-diagonals in the coefficient matrices equal to zero which results in a new specification of conditional variance of each equation. Engle's specification of a dynamic correlation structure for the set of returns:
t Q is a diagonal matrix containing the square root of the diagonal entries of t Q . t Q is the matrix of unconditional covariances of the standardized returns from the first stage estimation. Engle shows that the loglikelihood of the estimator may be written as:
The 
O-GARCH (Principal Component Analysis Approach)
The third approach in this study utilizes principal component analysis for generating
Covariance matrices and was proposed by Alexander (2001) . Consider the normalized data in a matrix X of dimensions T x k where each column is standardized with mean zero and variance one. If the i th asset return is yi, then the normalized variables are
where i  and i  are the mean and standard deviation of yi for 1, ,
. Now let W be the matrix of eigenvectors of X`X/T, and  be the associated diagonal matrix of eigenvalues, ordered according to decreasing magnitude of eigenvalue. 2 The principal components of Y are given by the T x k matrix
It is easy to show that such a linear transformation of the original factor returns produces transformed risk factor returns P that are orthogonal and have variances equal to the eigenvalues in  . Since W is an orthogonal matrix (14) is equivalent to X = PW', that is
Where i ij ij     * and the error term picks up the approximation from using only the first r of the k principal components. These r principal components are the key risk factors of the system. The m principal components are orthogonal so their covariance matrix is a diagonal matrix D, and variances of (15) give,
Where,
* ij
A   is the k x m matrix of normalized factor weights,
is the covariance matrix of the principal components and  V is the covariance matrix of the errors. Ignoring  V gives the approximation that forms the basis of a principal component model for large covariance matrices:
This provides computational efficiency by calculating only r variances instead of   2 / 1  k k variances and co-variances of the original system. Moreover, the V will always be positive semi-definite.
Evaluation of Models
Each of these three techniques discussed above generates a conditional parameterisation of risk. In an attempt to establish the relative dominance of one technique over another, the following methodology is proposed. The series Rit may be forecast in sample it R using the market model in equation 1 that is:
Where:
it  = provided by each of the three techniques previously described mt R = the return on the market index.
A conditional intercept coefficient series is generated by the GARCH, O-GARCH and DCC-GARCH, may be estimated as:
 is equal to the mean industry return less the mean conditional beta times the mean Furthermore, the use of these techniques for the evaluation of alternative models enables us to compare the performance of the GARCH, DCC-GARCH, and O-GARCH models for estimating time dependent conditional beta series.
Data and Results
The data for this study is taken from Datastream. Datastream contains adjusted prices of firms listed on KSE with daily frequency from 1998 onwards. Our data coverage starts in January 1998 and ends in December 2005. We select the sample firms based on the following criteria:
1. The firm must be listed on KSE in January 1998;
2. The market capitalization of the firms must be among the top 50 firms in January 1998; and 3. The rupee value traded of the firm must be among the top 50 firms in January 1998.
This selection criteria returns 38 firms. In Pakistan the turnover is limited to certain blue chip firms and therefore all the firms do not have significant liquidity (i.e. number of days traded and rupee value traded) and therefore we restrict the sample to 38 firms. Should more firms be included in the sample, we would have to account for infrequent trading as well, which would have made our analysis even more complex. Although our sample is restricted to 38 firms, it still accounts for 70% of the KSE 100 market capitalization as of date of writing.
The continuously compounded percentage return of each firm and index is calculated as the log of the daily price differences. Table 1 presents descriptive statistics of the daily returns over the period January 1998 to December 2005. It shows that AGIL has the highest mean return of 0.19%, whilst HUBC has the lowest mean return of 0.05%. ICI exhibits the highest daily volatility (5.67%), followed by BOP (4.41%), whilst the lowest volatility in returns is found for ULEVER (2.21%). 3 The returns series collectively is negatively skewed, leptokurtic, and significantly fail the Jarque-Bera test for normality.
Market Risk Models
Initially the Constant Market Model, as in Equation (1), was estimated for each of the firms using the KSE 100 Index as the market proxy. The market model generated beta estimates (standard errors in parenthesis) are also presented in Table 1 in the last column and reveal that each of the point beta estimates are significantly different from zero for all the firms at the 1% significance level.
The evidence provided in the literature suggests that these market model parameters are unstable over time. Therefore, we estimate Time Varying Market Risk Model for each firm using Equation (2) and report the estimated parameters in Table 2 . The results suggest that at 1% significance level, 30% of firms have asymmetric betas, at 5% level it increases to 43% of the firms and at 10% level it reaches 50%. In sum, half of the sample firms listed at KSE have betas that are different in bull and bear market phase at the 10% or lower significance level and therefore it is appropriate to estimate time varying betas using the techniques outlined in the previous section.
GARCH Conditional Beta
Estimation of GARCH based time varying parameters of firm beta requires fitting GARCH
(1, 1) model to the returns data for each of the 38 firms. The details of estimation are reported in Table 3 , which presents GARCH parameters (standard errors in parenthesis) for model fitted to each firm's return time series. The correlation between the firm and KSE 100 Index is assumed to be constant and is presented in the last column and also in Table 7 . Table 3 shows that ARCH and GARCH terms ( and respectively) are significant at the 1% level, sum to be less than unity, and satisfy the positively assumptions outlined earlier in Section 2 for all firms except GTYR. Surprisingly, not a single firm exhibits negative ARCH parameter and therefore we include all 38 firms in the sample to carry out further analysis. The highest correlation coefficient value is 86.45% for PTC, while the lowest value of 23.74% is observed for GTYR. find that for majority of the industries in sample, the GARCH models are significant in the sense that ARCH and GARCH terms are significant except for paper and packaging, entrepreneurial investors and miscellaneous industrials sectors.
The GARCH (1, 1) specification provides conditional variance for each of the 38 firms and then the beta series is estimated for each firm as detailed in Section 2.1. Table 6 presents first moment along-with the highest and the lowest values in parentheses. We find that the mean of beta series for each firm is similar to the point estimates of beta for each firm as noted in Table 1 , however, the high and low conditional beta estimates exhibit high level of variability. The lowest variability is found for ULEVER (1.15/0.18), whereas the highest variability is exhibited by ICI (10.4/0.28). and are from uni-variate GARCH (1, 1) for the firms under consideration. ARCH and GARCH parameters of the DCC-GARCH (1, 1) models are statistically significant at 1% for 30 firms except for HUBC, PGF, and SAIF for which they are significant at the 10% level, for NML at the 5% level and insignificant for ICI, UNBL, GTYR, and ULEVER.
DCC-GARCH Conditional Beta
The application of the DCC-GARCH model provides conditional co-variance matrices for each of the 38 firms. We then estimate beta series for each firm as outlined in Section 2 and report in Table 6 . It is interesting that the mean of beta series using DCC-GARCH model is similar to the beta reported for each firm in Table 1 . However, as in the case of GARCH (1, 1) model, the high and low conditional beta estimates from DCC-GARCH model also show higher variation. The lowest variability (Table 6 ) is found for ULEVER (1.21/0.08), whereas the highest variability is exhibited by ICI (3.70/8.45).
O-GARCH Conditional Beta
The O-GARCH model utilizes the inputs from GARCH (1, 1) model. One of the advantages of this technique is that only GARCH (1, 1) variances of the trend and the principal components need to be estimated and the entire covariance matrix of the original system is only a transformation of these two variances as defined in Equation (16) . O-GARCH is highly correlated to the GARCH (1, 1) and there is negligible loss of precision had the GARCH (1, 1) model been used to estimate all the required parameters. In illiquid markets like Pakistan, there is another advantage that volatilities and correlations of all variables in the system can be estimated even when the data is sparse or missing or unreliable. The ARCH and GARCH parameters of all firms are significant at the 1% level except for FABL (5% level), PTC and MLCF (10% level), and ICI and GTYR (insignificant). It is noteworthy that the mean of beta series is again similar to point estimate of beta for each firm, as reported in Table 1 .
Again, as in the case of GARCH and DCC-GARCH models, the highest and the lowest conditional beta estimates using the O-GARCH model exhibit variability (Table 6 ). The variability was consistent using GARCH and DCC-GARCH and the same companies exhibited variability in high-low betas, whereas the variability of high-low beta from estimates of O-GARCH is different. The lowest variability is found for PSO (1.55/0.27), whereas the highest variability is exhibited by AGIL (2.49/1.12).
In general, all the approaches used in this study to estimate conditional beta appear to provide similar estimation of risk while considering their mean values. In addition, the mean of conditional beta series in most of the cases is not significantly different from beta point estimates computed from Market Risk Model. The comparison of beta estimates from all three models is presented in Table 6 with highest and lowest betas in parenthesis. When considering the range of estimated betas we find that DCC-GARCH model and GARCH model generate beta estimates that vary more over time as compared to those of the O-GARCH model. Table 7 presents a summary of implied correlation estimates from all the models under consideration. Implied correlations are correlation coefficients between index return series and firm return series generated by different models used in this study and are determined by the following relationship:
When considering the range of implied correlation coefficients we find that the O-GARCH model generates correlation coefficients that vary more over time as compared to those of the DCC-GARCH model.
Overall, we find that the estimated parameters are significant and provide evidence in favor of beta instability. We now consider the relative superiority of the alternate models used in the study given the evidence that different models generate different conditional beta series.
Performance of Time Varying Betas Model
The beta series estimated here suggest that there are differences between beta series generated using techniques described earlier even though the mean of the beta series estimates are not significantly different from each other. Therefore, it is appropriate to rank these models to find out which of the three models generate relatively more accurate measure of risk. We use two measures: the coefficient of determination R 2 and the variance of errors. were not able to capture the conditional correlation. However, to our knowledge, this is the first study that employs conditional correlation models in time varying beta estimation.
We also find that GARCH model performs the best in terms of higher R 2 in comparison to DCC-GARCH and O-GARCH models that hypothetically should have performed better as they allow the correlation to vary as well. However, we find no significant evidence of their dominance in beta estimation despite their popularity in volatility estimation.
Conclusion
There is significant evidence suggesting that point estimations of systematic risk are not stable over time. This paper therefore examines the issue of beta instability using the returns of 38 firms listed on KSE over the period 1998-2005. Conditional betas were generated using three different models namely the GARCH, the DCC-GARCH, and the O-GARCH. Given the estimates of time varying betas from different models, it seems that the KSE is not This paper contributes to the existing literature by accounting for conditional correlation, whereas all the previous work, to the best of our knowledge, has ignored conditional correlation for estimation of time varying betas. This point is rather surprising given their applications in asset allocation since conditional correlation estimates are very important in such decisions. In addition, our paper is an attempt to explore betas and their time varying nature in the context of the Pakistani Market.
The time varying nature of betas has significant implications for portfolio managers (portfolio diversification and hedging) and financial analysts (fair value estimation). The challenge however is to explore ways on how to incorporate the beta instability in such financial decisions. 
